Educational institutions are becoming involved in adopting technological innovations like the mobile learning (m-Learning) platform for education. Mobile technologies are the next frontier as infrastructure for m-Learning because they can provide high-quality learning capabilities to satisfy the rising student demand for mobility and flexibility due to the ubiquitous nature of mobile technology (smartphones) and the vast opportunities it offers, there are indications that smartphones could lead the next generation for learning platforms. Researchers have examined the idea from several angles and produced a copious amount of literature devoted to explaining the interrelationships of technology and learning. In this research we aim to offer a view of students' perspectives, giving a systematic examination of m-Learning adoption that can be used as a framework for further research into the success of m-Learning. We found that making learning more interesting, increasing productivity, and providing internet access had the greatest effect on student's perceptions.
Introduction
Mobile learning (m-Learning) is basically a learning platform in which wireless communication technology and smartphones are used to impart education. This allows students to access their learning materials and information no matter where they are and at any time that is convenient, leveraging the base technology to its fullest. This empowerment of students, giving them the choice of time and location for their learning as well as the pace at which they learn, is changing the way people view education itself (Ally, 2009 ). Needless to say, this offers exciting possibilities to expand the horisons of education. However, due to the size of the changes involved and their impact, it is often viewed somewhat sceptically by the very people who would benefit most from these changes.
The unique feature of the m-Learning platform that makes it an entirely new educational platform is mobility. The concept of mobility refers to the prospect of having flexibility in terms of time, place, pace, and space that is not achievable when using nonmobile versions of devices (Andrews et al., 2010) . In theory, m-Learning offers learners the opportunity to learn at any time and at any place. However, it must be understood that the terms at any time and any place are limited from being universally true due to issues of connectivity as well as safety restrictions (Saccol et al., 2010) . It is this combination of mobility and collaborative learning that separates the m-Learning platform from other learning platforms that are available such as technology-focused platforms like e-learning and traditional face-to-face education (Kukulska-Hulme and Taxler, 2007) .
The fact that computing power, the internet, and mobile technologies have all increased at the same time has that has led many researchers to equate them when they research the m-Learning platform.
The m-Learning platform has changed the learning paradigm, and it has the potential to alter the way education is imparted. Most of the pilot studies reviewing the adoption and success of m-Learning within universities have tended to focus only on technical capabilities (Kukulska-Hulme, 2005) .
The technology behind m-learning depends on the interaction between the machines and the people using them, and thus looking exclusively towards the capabilities of the mobile device and its applications greatly limits the view. The perspective of success factors must also extend to the usage of m-Learning in different contexts (Ally, 2009; Andrews et al., 2010) .
This interrelationship has been the subject of a large amount of research and there are different studies published that detail this; however, the majority lacks any kind of systematic analysis despite the quantitative nature of the research.
Literature review
This research offers a systematic way of analysing students' perceptions of a successful m-Learning platform that can be emulated in other studies to understand the critical success factors (CSFs) of m-Learning in different contexts. We study and empirically analyse the impact of six CSFs that have had the most effect on the students' perceptions: 1-the technical competence of students, 2-the personalisation of the learning program 3-the ability to make learning interesting, 4-an increase in productivity, 5-the access to the internet, and 6-the accessibility of the platform.
The rapid growth of mobile technology has pushed educational institutions to adopt m-Learning. It has the potential to allow students to closely integrate all of the learning activities in their lives. This study aims to identify factors that affect the perception of students towards the use and adoption of m-Learning. However, the adoption and level of use is determined by several factors (Cochrane, 2013) . In this work, we study and empirically analyse the impact of the six key factors that were mentioned above. These factors need to be dealt with to ensure the success of m-Learning.
The first factor, the technical competence of students, refers to the technical knowledge and skills of students; these are key determinants in the success of m-Learning. The ability to use new technology determines a student's acceptance of new technology, such as e-Learning and m-Learning (Park, Nam and Cha, 2012) . Lack of skills may hinder an individual's ability to embrace m-Learning. Training in the use of the new system may help an individual to cope and fully use the new platform (Volery and Lord, 2000) .
Increased productivity is another critical success factor in m-Learning. The extent to which students believe that they can receive information or digital mobile content through mobile devices with serviceable and appropriable quality determines the quality of their m-Learning, which in turn determines their level of productivity (Woodill, 2012) . A higher quality of mobile content could completely determine the student's interest in adopting m-Learning for their learning experience. The higher quality of content and the ability to customise the system are of great importance in the student level of satisfaction with the mobile technology; this in turn leads to utilisation of m-Learning and an increase in student productivity levels. In other words, the quality of the content in m-Learning increases the productivity of the students and enhances their level of success in the job market (Abachi and Muhammad, 2014) .
Personalisation is a third factor determining the success of m-Learning; it refers to a student's self-perception and self-management in being capable of succeeding in learning tasks. The individualisation of mobile learning to suit the individual needs of the student also determines the efficiency of learning. In this case, it refers to student perception and management of using m-Learning in the learning process. The use of m-Learning successfully enhances the teaching and learning process when students are fully ready and feel personally valued (Liaw, Hatala and Huang, 2010) . Personalisation also refers to the practice of dynamically customising your site to suit your purposes and intent. The practice of personalisation differs from one student to the other with regards to m-Learning, personalisation will be of help to the m-Learning students since they will be in a position to design and fashion their learning materials in a way they can best comprehend these concepts. This has the general effect of enhancing the understanding of the concepts for the m-Learning students (Cheung, 2014) .
It is generally accepted that there are two adaptive approaches to personalisation (Kinshuk, Graf and Yang, 2009 ), the first is that the learning service itself can adapt to individual learner characteristics. This includes their requirements, learning styles, profiles, performance, and status. The second approach is that the learning service adapts to the context surrounding the learners. Of the two, the first is easier to understand and a way to best illustrate this concept would be for learners who have shown better performance from a visual learning style to receive the service using multimedia materials. The second approach relies on the context-awareness of the learning service, which is a slightly more difficult concept to grasp. An illustration of this approach in action would be for someone to be learning in a library supplied with learning material in a book form, which best suits the context of the learner (Kinshuk, Graf and Yang, 2009 ).
There are currently many learning technologies available that use different mobile platforms, including mobile phones or PDA devices. The idea behind these platforms is to support an anytime-anywhere learning experience and, indeed, in pilot studies the level of engagement and interest within the students is comparable to the response to computer labs (Nedungadi and Raman, 2012) . Additionally, m-Learning delivers a level of personal interaction that cannot be matched by other learning methodology and can be utilised to provide excellent feedback on the progress of the learner (Sampson and Zervas, 2013) .
A fourth critical factor in the success of m-Learning is making learning interesting and enjoyable. Every student expects that the use of new technology will enhance their performance by making learning interesting. The m-Learning system, therefore, needs to demonstrate the usefulness of context awareness support, providing appropriate information to support a student's study experience. In addition, the use of m-Learning as an interactive tool in education could increase the communication between students and lecturers (Mazzarol, 1998) . This relationship makes the m-Learning experience a participative venture where every individual need is met and valued. This makes learning interesting since there is no fear, no criticism, and no rejection. The students learn from each other, which increases the intrinsic and extrinsic motivation towards learning (Monchai, 2014) .
The fifth factor is internet access. The extent to which students are able to easily access the network to gain information through mobile devices is a CSF in m-Learning (Shunye, 2014) . This concept is built upon the concepts of mobility, convenience, and the anywhere-anytime paradigm upon which m-Learning is based. Internet access has a great influence on the students who use m-Learning because it helps to fully mediate the intentions to use m-Learning (Gupta and Manjrekar, 2012) .
The sixth, and final, factor is platform accessibility. Here the platform means the various systems, such as the iOS system, Android, Blackberry, and Windows (Pocatilu, 2013) . This also includes diverse hardware manufacturers for platforms such as HTC, Google, Samsung, and Apple (Sarrab, Elgamel and Aldabbas, 2012) . This factor contributes positively to the use of m-Learning among students, as they are able to access the learning materials anywhere and in different designs as long as they have the appropriate handheld computing device.
Research model and hypotheses
In this section we present a research model for analysing the relationship between key CSFs and students' perspectives towards m-Learning, as shown in Figure 1 . The model derives its theoretical foundations by combining the previous work by (Alrasheedi and Capretz, 2013; Alrasheedi, Capretz and Raza, 2015) . The model uses six CSFs: 1-the technical competence of students, 2-the personalisation of m-Learning, 3-the ability to make learning interesting, 4-an increase in productivity, 5-the access to the Internet, and 6-the accessibility of the platform. The dependent variable of this study is m-Learning adoption according to students' perceptions. The six independent variables are referred to as CSFs hereafter. Overall, the objective of this study is to investigate the answer to the following question:
"To what extent do the critical success factors have an impact on m-Learning adoption based on the perception of university students?" In this context we have six hypotheses to be tested:
Hypothesis 1. The technical competence of students positively affects the m-Learning adoption according to students' perceptions.
Hypothesis 2. The extent of personalisation positively affects m-Learning adoption according to students' perceptions.
Hypothesis 3. The possibility of interesting ways of learning the course matter is positively related to the m-Learning adoption according to students' perceptions.
Hypothesis 4. Increased productivity plays a positive role towards m-Learning adoption.
Hypothesis 5. Improved internet access has a positive impact on m-Learning adoption by students.
Hypothesis 6. Improved platform accessibility is positively related to m-Learning adoption according to the students' perceptions.
Undoubtedly, students are the target user group around which the entire platform has been built and, hence, their attitudes are extremely important. Our previous research found six factors that affect the overall attitude towards the m-Learning platform . To determine user satisfaction levels, we have conducted a detailed survey targeting students who are using the m-Learning platform. The multiple linear regression equation of the model is as follows:
m-Learning adoption as per students' perceptions = c 0 + c 1 f 1 + c 2 f 2 + c 3 f 3 + c 4 f 4 + c 5 f 5 + c 6 f 6 .
(1)
In the equation c 0 , c 1 , c 2 , c 3 , c 4 , c 5 and c 6 are coefficients and f 1 , f 2 , f 3 , f 4 , f 5 and f 6 are the six independent variables. To empirically investigate the research question, the six hypotheses are presented with a belief that they all positively affect m-Learning adoption according to students' perceptions.
Research methodology
As students form the largest user group, the present study focuses on gathering their opinions in a systematic manner; and our methodology is presented in Figure 2 . First, we systematically identified the factors contributing directly or indirectly to m-Learning adoption from the students' perspective. In order to do an empirical investigation of the key factors from the students' perspective, a research model was developed based on the key factors shown in Figure 1 . After this, a questionnaire was prepared and we conducted a survey to assess each key factor. Finally, we performed a statistical analysis of data on students' perspectives. The analysis was performed using quantitative tools, specifically Minitab v.17.
Figure 2
Steps representing the research methodology
Data collection and the measuring instrument
To collect the data, we used an online survey tool (So Go Survey) and the questionnaire was sent to various undergraduate students of different faculties in five universities in Saudi Arabia. We assured the students that the survey was confidential: their identity would not be disclosed and their primary responses would only be used for this study. We received a total of 202 completed questionnaires. The measuring instruments presented in Appendix I were used to study the perceived level of student satisfaction as well as the extent to which these CSFs were important for the students in adopting m-Learning. The questionnaire required participants to indicate the extent of their agreement or disagreement with statements using a five-point Likert scale. For all of the items associated with each variable, the scale was (1 = Strongly Disagree, 2 = Disagree, 3 = Neither Agree or Disagree, 4 = Agree, 5 = Strongly Agree).
Our questionnaire had three parts:
1. The first part was used to determine the general profile of the respondents and consisted of questions regarding their gender, age group, and educational status.
2. The second part was used to determine the extent to which students have access to mobile devices and the internet, and their experience in using these devices.
3. The third part was used to determine the different factors that affected user perception of the m-Learning platform as below: Question 1 (Technical competence of students), Question 2 (Personalisation), Question 3 (Learning made interesting), 4-7 (increased productivity), Questions 8-11 (Platform accessibility), Questions 12-14 (internet access), and Questions 15-17 (Cumulative overall perception of m-Learning adoption, in this case from students' the perspectives).
Data analysis method
We started our data analysis by making a descriptive analysis of the demographic distribution of the population. Then, in order to analyse the research model and test the hypotheses, the data analysis procedure involved three steps. First, a parametric correlation was found between the dependent and independent variables to see if any of the variables, i.e., hypotheses, could be rejected. The second step was conducted making a non-parametric correlation using the same set of data in order to reduce the threat to an external validity (Raza, Capretz and Ahmed, 2012) . Finally, the third step involved testing the hypotheses by using the partial least square (PLS) technique.
Demographic distribution of the population
This section provides a description of the demographic distribution of the survey population. The total population of the research consisted of 202 undergraduate students studying in different departments in five universities in Saudi Arabia. The gender distribution of the population consisted of 123 male students and 78 female students. Only one person did not answer the question of respondent distribution illustrated in Figure 3 . The age distribution of the population is as follows. A majority of the population was younger than 25 years, 132 persons and No respondents were older than 55 years and four persons chose not to answer this question. Forty-seven of the respondents were aged 26-35 years, and 19 of the respondents were aged 36-55 years. The research population consisted of 146 full-time students and 55 part-time students. One person did not answer this question. As shown in Figure 4 125 students were studying computer science and IT; 38 students were in other engineering branches; 7 were social sciences students; 4 were health sciences students, and 2 were agriculture students. 15 were studying other courses. The research also investigated the mobile usage demographics of the research population. All 202 students owned mobile phones and smartphones. 
Reliability and validity analysis of the measuring instrument
Among the responses of the questionnaire regarding perception of various aspects of the m-Learning platforms, three are straightforward and involve single-item measurement scales. However, the remaining three factors are measured using multi-item rating scalesstudent productivity, platform accessibility, and internet access. The dependent variable also involves the use of a multi-item rating scale. In these particular cases, it is important to assess the reliability of the measurement scales. Reliability analysis indicate the reproducibility of a measurement. We have done an internal consistency analysis to calculate the Cronbach's alpha. Various researchers have cited different satisfactory levels for the reliability coefficient. As an example, van de Ven and Ferry believe that a coefficient of 0.55 and higher is satisfactory (van de Ven and Ferry, 1980) . However, recent researchers such as Osterhof, believe that the coefficient must be at least 0.6 (Osterhof, 2001) . In our case, the reliability coefficient is > 0.63 in all the cases, which means that the measuring instruments used are reliable. Table 1 below shows the values of Cronbach's alpha for the factors discussed. Validity is the strength of the inference of the true value starting from the value of a measurement. Comrey and Lee's (1992) Principal Component Analysis (PCA) was performed for all six CSFs, and reported in Table 1 . We used an Eigen value (Kaiser, 1970) as a reference point to observe the construct validity, using PCA. We used the Eigen Value one criterion, which is known as the Kaiser Criterion (Kaiser, 1960; Stevens, 1986 ) that indicated any component having an Eigen value more than one would be retained. In our study, the Eigen-value analysis discovered that all six variables come from a single factor, as presented in Table 1 . Therefore, according to our statistical analysis, the convergent validity of our instrument for m-Learning adoption according to students' perspectives can be considered as sufficient.
Hypothesis tests and results
We analysed the research model and the significance of hypotheses H1-H6, using different statistical techniques in three phases. In phase I we used normal distribution tests and parametric statistics, whereas in phase II we used non-parametric statistics. Both parametric as well as non-parametric statistical approaches were used to reduce the threats to external validity. As our measuring instrument had multiple items for all six independent variables as well as the dependent variable (as shown in Appendix I), the ratings by the respondents were added up to get a composite value for each rating. Tests were conducted for hypotheses H1-H6 using parametric statistics by determining the Pearson correlation coefficient. For non-parametric statistics, tests were conducted for hypotheses H1-H6 by determining the Spearman correlation coefficient. To increase the reliability of the results, hypotheses H1-H6 of the research model were tested using the PLS technique in Phase III. The results of the statistical calculation for the Pearson correlation coefficient are shown in Table 2 . It is well known that the lower the p-value the better the chance of rejecting the null hypothesis and, hence, the more significant the result in terms of its statistical significance (Stigler, 2008) . The significance of each coefficient was indicated in terms of p-values; in the present case all p-values are < 0.05. This indicates that the results are significant. The Pearson correlation coefficient between the technical competence of students towards m-Learning and m-Learning adoption was positive: 0.626 at P < 0.05, and, hence, hypothesis H1 is justified. For H2, the relationship between personalisation and m-Learning adoption, the Pearson correlation coefficient, was 0.463 at P < 0.05, and, hence, it was found to be significant as well. Furthermore, hypothesis H3 was accepted based on the Pearson correlation coefficient of 0.613 at P < 0.05, which represents the relationship between learning made interesting and m-Learning adoption. Similarly, hypothesis H4, which denotes the relationship between student productivity and m-Learning adoption, yields a Pearson correlation coefficient of 0.750 at P < 0.05. This hypothesis is statistically significant, and, consequently, it was accepted. For H5, the relationship between platform accessibility and m-Learning adoption, the Pearson correlation coefficient was 0.630 at P < 0.05; hence, it was found to be significant and was accepted as well. Likewise, hypothesis H6 was accepted based on the Pearson correlation coefficient of 0.610 at P < 0.05, which represents the relationship between internet access and students' perceptions towards m-Learning. Hence, as observed and reported, all hypotheses-H1, H2, H3, H4, H5, and H6-were found to be statistically significant and were accepted. In the second step, non-parametric statistical testing was performed by examining the Spearman correlation coefficient including the individual independent variables, all CSFs, and the dependent variable, m-Learning adoption according to students' perceptions, as shown in Table 2 .
PHASE-II
Non-parametric statistical testing was conducted in this phase by examining Spearman correlation coefficients between individual independent variables (CSFs) and the dependent variable (m-Learning adoption). The results of the statistical calculations for the Spearman correlation coefficients are also displayed in Table 2 . The Spearman correlation coefficient between the technical competence of students and m-Learning adoption according to students' perceptions was positive, i.e., 0.613 at P < 0.05, and, hence, hypothesis H1 was justified. For hypothesis H2, which examined the relationship between personalisation and m-Learning adoption, the Spearman correlation coefficient of 0.442 was observed at P < 0.05, which indicates that this hypothesis was significant. Moreover, hypothesis H3 was accepted based on the Spearman correlation coefficient of 0.606 at P < 0.05, representative of a statistically significant relationship between learning made interesting and m-Learning adoption. For hypothesis H4, which involves student productivity and m-Learning adoption, the Spearman correlation coefficient of 0.727 was observed at P < 0.05. Since a significant relationship was found between productivity and m-Learning, H4 was accepted. For H5, the relationship between platform accessibility and m-Learning adoption, the Spearman correlation coefficient was 0.616 at P < 0.05, which means it was found to be significant; consequently, it, too, was accepted. Similarly, hypothesis H6 was accepted based on the Spearman correlation coefficient of 0.574 at P < 0.05, which represents the relationship between internet access and m-Learning adoption according to the students' perceptions. Therefore, as observed and reported, all hypotheses-H1, H2, H3, H4, H5, and H6-were found to be statistically significant and were accepted.
PHASE-III
In order to do the cross-validation of the results obtained in Phase I and Phase II, the PLS technique was used in this phase of hypothesis testing. Fornell and Bookstein (1982) reported that the PLS technique is particularly valuable in different circumstances, including complexity, non-normal distribution, low theoretical information, and small sample size. Accordingly, the PLS technique was used to increase the reliability of the results.
In the PLS approach, the dependent variable of our research model (m-Learning adoption according to students' perceptions) is considered as the response variable, and the independent variables (CSFs) are considered as predicators. The test outcomes, which contain the observed values of the path coefficient R 2 and the F-ratio, are illustrated in Table 3 . The technical competence of students is observed to be significant at P < 0.05 with a path coefficient of 0.52, an R 2 value of 0.39, and an F-ratio of 128.7. Personalisation has a path coefficient of 0.41, an R 2 value of 0.21, and an F-ratio of 54.6. Learning made interesting has the same direction as proposed in hypothesis H3, with a path coefficient of 0.52, an R 2 value of 0.37, and an F-ratio of 120.6. The variable of student productivity had a path coefficient of 0.80, an R 2 value of 0.56, and an F-ratio of 257.4. The variable of platform accessibility had a path coefficient of 0.63, an R 2 value of 0.39, and an F-ratio of 131.8. Finally, the variable of internet access had a path coefficient of 0.65, an R 2 value of 0.37, and an F-ratio of 118.3. Table 3 Hypotheses testing using partial least square regression The purpose of research model testing was to provide empirical evidence that our CSFs play a significant role towards m-Learning adoption. The testing process consisted of conducting regression analysis, and reporting the values of the model coefficients and their direction of association. We placed m-Learning adoption as a response variable and CSFs as predicators. Table 4 shows the regression analysis results of the research model. The results of the statistical calculations for the multiple regressions are displayed in Table 4 . The t-value for the technical competence of students and m-Learning adoption according to students' perceptions was 1.57 at P > 0.05, and, hence, it is insignificant. The t-value between Personalisation and m-Learning adoption according to students' perceptions was observed negative at (−1.81) and the P > 0.05, which indicates that it, too, was insignificant. However, the t-value was 4.10 and the P < 0.05, illustrative of a statistically significant relationship between Learning made interesting and m-Learning adoption according to the students' perceptions. Then, the t-value for increased productivity and m-Learning adoption according to the students' perceptions, was observed equal to 5.09 at P < 0.05. Since a significant relationship was found between increased productivity and students' perceptions towards m-Learning, H4 was accepted. For H5, the relationship between platform accessibility and m-Learning adoption according to the students' perceptions, the t-value was observed to be 1.72 at P > 0.05, which means it was found to be insignificant; consequently, it was rejected. The last hypothesis, H6, was accepted, based on the t-value of 3.93 at P < 0.05, which represents the relationship between internet access and m-Learning adoption according to students' perceptions. Therefore, the first interesting part of the analysis is that not all the coefficients are positive. Personalisation has a negative coefficient. Similarly, the factors like, the technical competence of students and platform accessibility were found to be insignificant since their corresponding p-values were >0.05. Hence, the corresponding hypotheses H1, H2, and H5 were rejected. The final regression equation is as follows:
Students' perceptions = 0.239 + 0.0812 (Technical competence students) -0.0919 (Personalisation) + 0.2105 (Learning made interesting) + 0.4079 (Increased productivity) + 0.1116 (Platform accessibility) + 0.2529 (Internet access)
As can be seen, personalisation is negative in this case. The model accounts for 66.05% variability in the dependent variable, i.e., m-Learning adoption from students' perceptions.
Discussion
The data analysis of the survey covers only a limited section of the results. The gender distribution was skewed towards male students, but female students were a significant part of the population. A majority of the students were under the age of 25 and in fulltime undergraduate study. Finally, the student population consisted mainly of computer and other engineering students. Some of the questionnaire consisted of multiple-response rating scales, and so the first step constituted determining whether the overall responses were valid. The values of Cronbach's alpha in the relevant parameters (student productivity, platform accessibility, internet access, and the dependent variable, m-Learning adoption, were all found to be higher than 0.63, which was above the most recently decided threshold of 0.6. Hence, the averages of the response could be used for determining the individual variable coefficients in the research mode. In order to remove the threats to external validity, both parametric and nonparametric studies were carried out. The coefficients were similar in both tests, though the Spearman's Rho tended to be somewhat lower than Pearson's coefficient. More importantly, none of the hypotheses could be rejected at this stage because, statistically speaking, all were found to be significant with a P-value of < 0.05. The next crucial result was that none of the correlation coefficients were lower than 0.4, suggesting that the data was at least fairly correlated and none of the hypotheses could be rejected based on the issue of poor correlation.
Armed with this information, the next step constituted determining the regression equation for the research model. The regression analysis showed that three out of six variables were statistically significant and, hence, H3, H4 and H6 were accepted. All of the variables except personalisation had the expected direction based on the original hypotheses.
Limitation of the study
The present research was detailed in terms of the analysis of student responses. However, there are certain limitations and they are mostly related to the analysis of data.
As in the case of any empirical investigation, this study has certain limitations. Easterbrooks et al. (2007) refer to construct validity, internal validity, external validity, and reliability as four criteria of validity in an empirical study. In most cases, the researcher's ability to generalise the experimental outcome to industrial practice is generally limited by threats to external validity (Wohlin et al., 2000) , which is the case with this study. We took specific measures to support external validity, including our use of a random sampling technique that selects respondents from all departments to at least represent the general population of students within the university.
Furthermore, another aspect of validity concerns whether or not the study results correspond to previous findings. Our work involved the selection of five independent variables that related to the dependent variable of student's perspectives. While there are other key factors that influence m-Learning adoption, the scope of this study was restricted to the area of m-Learning adoption from the perspective of students.
Another limitation of this study involves its relatively small sample size. Although, we sent our survey to a large number of students who were enrolled in five universities, we only received 202 responses. Consequently, the relatively small number of responses was a potential threat to the external validity. However, we followed the appropriate research procedures by conducting and reporting tests in order to improve the reliability and validity of the study, and certain measures were also taken to increase the external validity.
Conclusion
The present study conducted a systematic and detailed investigation into the factors affecting students' perceptions that is based on a survey taken from students of five universities in Saudi Arabia. The purpose was to understand the specific factors that affected students' perceptions at the higher education levels. Additionally, determining the extent of the effect of individual factors was a related objective. The results of the analysis showed that the following parameters were found to be significant to m-Learning adoption according to students' perceptions: Learning made interesting, increased productivity, and internet access. The study conducted and reported here will enable m-Learning software designers and developers to better understand the effectiveness of the relationships of the stated key factors and m-Learning adoption of their projects. Currently we are working on developing a maturity model to assess the m-Learning adoption among different communities of end users. This empirical investigation provides us some justification to consider these key factors as measuring instruments.
